This study investigated the accuracy of several early literacy measures that have been used in research and practice for first grade reading screening. A set of measures, Word Identification Fluency (WIF), Letter Naming Fluency, Phoneme Segmentation Fluency, and Nonsense Word Fluency, were administered as screening measures with 138 first grade students in the fall of the school year. Reading skills were assessed at the end of first grade using Oral Reading Fluency, the Test of Word Reading Efficiency (Sight Word Efficiency and Phonemic Decoding Efficiency), reading Maze, and a latent variable composite. Analyses compared the accuracy at which each screening measure, as well as combinations of screening measures, classified students according to successful or unsuccessful reading outcomes at the end of the year. Receiver operating characteristic curve analyses indicated that when compared with other single screening measures, WIF tended to demonstrate the strongest overall classification accuracy. With levels of sensitivity held constant at .90, combining screening measures with WIF using predicted probabilities from logistic regression analyses resulted in modest improvements in accuracy by reducing the number of false positives. More measures were not always better, however, as models of two or three measures were as accurate as models consisting of all measures. Overall results provided support for WIF as a starting point for first grade reading screening, whereby additional steps might be taken to reduce false positives.
For students at risk for later reading problems, high-quality instruction, delivered early, can reduce later reading failure (e.g., Simmons et al., 2008; Torgesen et al., 1999a) . Large-scale reading screening requires measures that are (a) brief and efficient, (b) indicate skills important for the grade level in which they are used, and (c) predict later achievement. Perhaps most important, screening measures must demonstrate accuracy in classifying students in terms of their likelihood of future reading success or failure, making studies of classification accuracy the "sine qua non" of screening research (Jenkins, Hudson, & Johnson, 2007) .
The accuracy of a reading screening measure is often evaluated in terms of its ability to correctly identify students who demonstrate later reading problems (i.e., "positives") or satisfactory achievement (i.e., "negatives," students without reading problems). Inaccuracy of a screening measure results in misclassification, producing false positives (students whom the screening measure indicated would fail, but who actually passed the criterion outcome assessment) and false negatives (students whom the screening measure indicated were going to be successful, but failed the outcome assessment).
In summarizing rates of correct classification, the sensitivity of a measure refers to its ability to correctly classify students who will later fail the criterion assessment (i.e., correctly identify true positives). This is perhaps the most important statistic, because the measure should accurately identify students in need of intervention and avoid missing those truly in need. False negatives are probably the most egregious type of error, as they represent students whom the screening measure indicated were not at risk for problems but in fact failed the outcome assessment. Therefore, a minimally acceptable level of sensitivity of .90 has been recommended (Jenkins et al., 2007) , which translates to a false negative rate of 10% or less.
The specificity of a measure refers to its ability to correctly classify students who will pass the criterion assessment (i.e., correctly identify true negatives). Specificity is important, as high rates of false positives, indicative of measures with poor specificity, mean the screening measure identifies students as in need of intervention when in fact these students later pass the criterion assessment. Although they can be considered less serious than false negatives, false positives are problematic because they can unnecessarily tax instructional resources by identifying students for intervention who are truly not in need. There is little agreement on what constitutes acceptable specificity, and tolerance for false positives may often depend on the intervention resources available. Some have posited that a false positive rate of 50% or less (specificity of .50 or greater) would be acceptable under a Response to Intervention (RTI) model as tiered instruction will reduce the number of false positives (Catts, Petscher, Schatschneider, Bridges, & Mendoza, 2009 ), although others have considered adequate specificity levels as .80 or higher (e.g., Compton et al., 2010) .
First Grade Reading Screening Measures
First grade represents a critical time period when a child integrates pre-and early literacy skills toward becoming a reader. Screening in early first grade should accurately identify students at risk for failing to develop skills in accurate and fluent word recognition and reading connected text, which are crucial for reading success in later grades. However, reading skills in the fall are still in an embryonic state and reading connected text is generally not expected.
Several types of measures have been studied for first grade reading screening, such as accuracy and fluency in naming letters and letter sounds, identifying sounds in words or phonemic segmenting or blending, and accuracy and fluency in reading words or pseudowords (for a review see Jenkins et al., 2007 ; see also Catts et al., 2009; Compton et al., 2010; Foorman et al., 2008; Johnson, Jenkins, Petscher, & Catts, 2009; Perney, Morris, & Carter, 1997) . In practice, the proliferation of web-based programs for screening and progress monitoring has made some measures popular choices for reading screening. Measures such as Letter Naming Fluency (LNF), which measures students' fluency in letter recognition, Phoneme Segmentation Fluency (PSF), which assesses fluency in naming phonemes and phonological segments from spoken words, and Nonsense Word Fluency (NWF) which measures students' accuracy and rate of producing letter-sound correspondences in short pseudowords, are used widely in first grade through web-based applications such as the Dynamic Indicators of Basic Early Literacy Skills (DIBELS, Good & Kaminski, 2007) , AIMSweb, and EasyCBM. According to a national normative database, in the 2010 school year alone, the number of first-grade students administered the measures for the fall benchmark screening assessment was more than 270,000 students for LNF and PSF and more than 735,000 for NWF (AIMSweb, 2010) . Furthermore, considering that more than 15,000 schools currently use the DIBELS Data System (University of Oregon, 2009) , and that the DIBELS measures are available for free, the number of first grade students screened with these measures likely number well into the millions each year.
When used in first grade the LNF, PSF, and NWF measures have demonstrated validity in predicting future reading skills, although some measures have demonstrated greater strength than others. LNF and NWF have exhibited moderate to strong predictive relationships with later reading skills. When measured first grade, LNF has predicted word reading and reading comprehension skills in later grades with coefficients ranging from .23 to .57, and NWF has demonstrated predictive validity coefficients ranging from .37 to .74 predicting reading skills in the future (see Goffreda & DiPerna, 2010 , for a review; see also Burke, Hagan-Burke, Kwok, & Parker, 2009; Catts et al., 2009; Goffreda, DiPerna, & Pedersen, 2009; Good et al., 2004; Johnson et al., 2009; Harn, Stoolmiller, & Chard, 2008; Kim, Petscher, Schatschneider, & Foorman, 2010) . Comparatively, PSF has been generally shown to be a weaker predictor of later reading skills when used in first grade, with coefficients ranging from .13 to .54 (Goffreda & DiPerna, 2010; Goffreda et al., 2009; Johnson et al., 2009; Kim et al., 2010) , and some studies have found little to no relationships with later reading Goffreda et al., 2009) .
Despite their predictive validity and widespread usage, several studies have found low levels of classification accuracy of the LNF, PSF, and NWF measures, particularly low specificity (i.e., less than .60), when sensitivity was held at minimally acceptable levels (i.e., .90; Catts et al., 2009; Goffreda et al., 2009; Johnson et al., 2009; Reidel, 2007) . The PSF measure in particular has evidenced the lowest levels of classification accuracy, in some cases no better than chance (Reidel, 2007) . Despite these findings, little research has directly compared the accuracy of these measures with alternative screens in first grade. Some studies have included assessments of oral reading fluency (ORF) with LNF, PSF, or NWF (Goffreda et al., 2009; Good et al., 2001; Johnson et al., 2009 ), but only Johnson et al. included ORF in the fall of first grade and found somewhat better accuracy for ORF over PSF and NWF. To date, accuracy contrasts with other measures have not been investigated. Furthermore, the classification accuracy of combinations of measures has not been routinely investigated, although evidence indicates that a multivariate approach to screening often results in superior accuracy (Compton et al., 2006; Compton et al., 2010; O'Connor & Jenkins, 1999) .
Word Identification Fluency as an Alternative
Speed of isolated word reading, such as fluency in reading words in lists, discriminates between students with and without reading disabilities (e.g., Compton & Carlisle, 1994; Jenkins, Fuchs, van den Broek, Espin, & Deno, 2003) and can provide important information on text reading difficulties particularly for students with reading disabilities (Jenkins et al., 2003) . One measure of word list reading, Word Identification Fluency (WIF; Fuchs, Fuchs, & Compton, 2004) , has demonstrated validity in first grade predicting reading achievement in second grade (Compton, Fuchs, Fuchs, & Bryant, 2006) and has been shown to be a stronger predictor of first grade year-end reading skills than NWF (Fuchs et al., 2004) . Predictive validity coefficients from first grade range from .39 to .94 in predicting reading skills in the future (Fuchs et al., 2004; Compton et al., 2006; Compton et al., 2010) . Screening batteries including WIF have demonstrated high levels of classification accuracy (Compton et al., 2006; Compton et al., 2010) . The strength of WIF is likely a result of its ability to consolidate many early literacy skills at once (e.g., Ehri, 2005; Phillips & Torgesen, 2006; Share, 1995) , as theories suggest that the ability to read words "by sight" results from a process of successfully integrating letter-sound correspondence with phonemic awareness, and following repeated exposures, orthographic patterns are memorized facilitating the ability to read words very quickly (see Ehri, 2005; Phillips & Torgesen, 2006; Share, 1995) . In comparison with other measures of more isolated foundational skills, such as PSF, word list fluency may be a more efficient screening measure because of its potential to capture many early literacy skills at once.
Aside from Fuchs et al. (2004) , studies have not compared the validity of WIF with the LNF, PSF, and NWF measures, and no studies to date have directly compared the classification accuracy of WIF to these measures. Furthermore, research has not investigated whether combining WIF with these measures results in improved screening accuracy.
Study Purpose
The purpose of this study was to investigate the classification accuracy of WIF as a screening measure at the beginning of first grade, both in comparison with and in addition to other commonly available early literacy indicators (LNF, PSF, and NWF) in classifying students according to reading outcomes at the end of first grade. Specifically, this study investigated (a) the classification accuracy of WIF, LNF, PSF, and NWF when each was used alone, and (b) whether classification accuracy is improved when WIF is combined with LNF, PSF, and NWF.
Method

Participants and Setting
First grade students from three schools (nine classrooms) in an urban/suburban Pennsylvania school district participated in this study. Data were collected as part of the schools' participation in a university-supported project investigating the implementation of a three-tiered RTI model for reading (see Hilt-Panahon, Shapiro, Clemens, & Gischlar, 2011 , for a description of the model). Data were collected in the fall of the school year with all students present for the fall assessment (n ϭ 155). Over the course of the school year, 13 students moved out of the district, and because of absences during the spring assessment, four additional students did not have complete data on the outcome variables. Thus, 138 students constituted the final sample. Table 1 displays the demographics of the final sample. All three schools were eligible for school-wide Title 1 funding. Students for whom English was a second language (n ϭ 7) were included in the analyses. No students in first grade had been identified with learning disabilities, and the sample did not otherwise include students eligible for special education services.
Screening Measures
The LNF, PSF, and NWF measures used in this study were from the DIBELS sixth edition standard tools (Good & Kaminski, 2007) .
Letter Naming Fluency (LNF). The LNF measure assesses fluency on naming letters of the alphabet, and consists of 110 capital and lower case letters arranged in rows. Students are asked to point to each letter and name it as quickly as possible, and the number of letters correctly named in one minute is recorded. LNF has a 1-month, alternate form reliability of .88 (Good et al., 2004) and test-retest reliability of .90 .
Phoneme Segmentation Fluency (PSF). PSF assesses students' fluency in phonologically segmenting words. Students are asked to name as many individual sounds as possible from words spoken by the examiner. The number of separate and unique sound segments produced in one minute is recorded. The 1-month alternate-form reliability of PSF is .79 (Good et al., 2004) .
Nonsense Word Fluency (NWF). NWF is a measure designed to assess students' fluency with the alphabetic principle. Students are asked to read a list of VC or CVC pseudowords either by naming individual sounds, or by reading the words. The standard correct letter sounds (CLS) NWF score from the DIBELS sixth edition was used in this study, which is the number of sounds produced correctly in 1 minute, with equal credit for sounds read in isolation (e.g., /t/ /i/ /b/), as part of segments (e.g., /t/ /ib/), or as a whole word (e.g., /tib/). NWF has a test-retest reliability ranging from .84 to .90 (Good, Baker, & Peyton, 2009 Note. n ϭ 138. ELL ϭ English language learners. ‫ء‬ Percentage of students eligible for free or reduced price lunch on a school-wide basis (data for individual students were not available).
Word Identification Fluency (WIF).
WIF (Fuchs et al., 2004 ) is a measure of fluency in reading words in lists. The WIF measure used in this study was obtained from the test authors and consisted of lists of 100 high frequency words (sampled from the Dolch preprimer, primer, and first grade lists). Students were instructed to read the words as quickly as they could, reading down the columns. If students hesitated for four seconds or indicated that they did not know how to read a word, they were instructed to read the next word. The number of words read correctly in one minute was reported. WIF has a demonstrated two week alternate form reliability exceeding .92 (Compton et al., 2006) .
Year-End Reading Criterion Measures
DIBELS Oral Reading Fluency (ORF).
ORF (Good & Kaminski, 2007 ) is a measure of passage reading fluency. Standard ORF benchmark administration involves administering three grade-level probes, in which the student reads aloud for one minute each, from the set of DIBELS first grade benchmark assessments. The median number of correctly read words in one minute from the three probes was used as the ORF score. The DIBELS sixth edition technical reports do not provide reliability data for first grade; in second grade, the passages have a median alternate form reliability of .94 (Good, Kaminski, Smith, & Bratten, 2001) .
Test of Word Reading Efficiency (TOWRE).
The TOWRE (Torgesen, Wagner, & Rashotte, 1999b ) is a standardized, norm-referenced measure of word reading fluency consisting of two subtests: Sight Word Efficiency (SWE), which assesses fluency reading a list of real words, and Phonemic Decoding Efficiency (PDE), which measures fluency reading a list of decodable pseudowords. Scores on each subtest consist of the number of words read correctly in 45 seconds. SWE and PDE have demonstrated reliability ranging from .90 to .97, as well as strong concurrent validity with other standardized measures of word reading (Torgesen et al., 1999b) . Raw scores for SWE and PDE were used for the correlational analyses. Classification accuracy analyses used the TOWRE total standard score, which is a composite score of the SWE and PDE subtests. Grade-based norms from the beginning of second grade were used in calculating the total standard scores, 1 which have a mean of 100 and standard deviation of 15.
Maze. CBM maze is a measure of basic comprehension skills. Maze consists of a reading passage in which the initial sentence is left intact, and every seventh word in the remaining sentences is replaced by three choices, only one of which correctly completes the sentence. Students read the passage silently and circle the word that best completes each sentence, and the number of correct choices within three minutes is reported. This study used a first grade maze probe from the AIMSweb system. In second grade, maze has demonstrated reliabilities ranging from .80 -.87 across 1-3 months (Shin, Deno, & Espin, 2000) . Validity of maze has not been investigated in first grade, but in the present study, maze demonstrated concurrent validity with the other spring outcome measures ranging from .71-.87 (see Table 2 ).
Procedures
One probe of each of the fall screening measures (WIF, LNF, PSF, NWF) were administered at the beginning of first grade (first week of September), and the spring outcome measures (ORF, TOWRE, maze) were collected at the end of the first grade year (third and fourth weeks of May). All data were collected by university research assistants and school personnel trained in administration of the measures. Administration took place in a quiet room outside the students' classrooms. As NWF and WIF were part of a larger investigation (author, 2009), they were administered first and were counterbalanced across students. Administration of LNF and PSF followed in that order (but were not counterbalanced). Students' classroom 1 TOWRE standard scores used grade norms rather than age norms because word reading skills are more closely aligned with instruction as opposed to age. Using grade norms for the end of first grade resulted in an overestimation of the achievement of the sample, possibly a result of when students were sampled in the TOWRE normative group and data smoothing that took place in calculating standard scores (J.K. Torgesen, personal communication, March 15, 2010) . Using norms from the beginning of second grade resulted in standard scores more expected of the sample, and because students in this study were administered the TOWRE during the last two weeks of first grade, standard scores using these norms were considered a more accurate estimate of achievement.
teachers were not involved in data collection, with the exception of maze.
Approximately 20% of the administrations of the fall predictor and spring outcome measures were assessed for interscorer agreement using audio recordings scored by independent observers. Total percentage agreement was calculated on a word-by-word basis for WIF, and letter-by-letter or sound-by sound for LNF, PSF, and NWF. Average agreement for each measure was as follows: LNF ϭ 99% (range ϭ 94%-100%), PSF ϭ 94% (range ϭ 87%-100%), NWF ϭ 96% (range ϭ 83%-100%), WIF ϭ 96% (range ϭ 84%-100%), ORF ϭ 98% (range ϭ 90%-100%), SWE ϭ 98% (range ϭ 88%-100%), and PDE ϭ 95% (range ϭ 86%-100%).
Maze was administered on a class-wide basis by the students' teachers. Fidelity of maze administration was assessed by the first author via direct observation of 19% of the maze administrations using a 12-step checklist provided in the AIMSweb maze administration and scoring manual (Shinn & Shinn, 2002) . Teachers implemented an average of 96% of the steps correctly (range ϭ 82%-100%).
Spring composite variable. To simultaneously capture the skills measured by the spring outcome variables, a composite variable was formed by modeling a latent variable measured by the raw scores on each assessment (ORF, SWE, PDE, maze). The latent variable was defined by allowing all four raw scores to load freely on a common factor, whose variance was constrained to 1, and whose latent mean was constrained to 0. All loadings were highly significant, and the scree plot indicated a clear one-factorial solution. Predicted factor scores of this latent factor were saved and used in the subsequent analyses.
Data Analyses
Criterion outcomes classification.
In analyses of classification accuracy, students are usually classified on an outcome measure in terms of acceptable ("passing") or unacceptable ("failing") achievement status, as this allows teachers to target students who are defined at risk. On each of the outcome measures, the 30th percentile was chosen to indicate this criterion level. Although there is lack of agreement on what constitutes an acceptable level of achievement, the 30th percentile has been recommended as a criterion level to judge student success across measures of achievement (Torgesen, 2000) and has been used in recent studies to indicate risk status in reading (e.g., Simmons et al., 2008; Vellutino, Scanlon, Zhang, & Schatschneider, 2008) . Criterion scores for the spring ORF, TOWRE, and Maze measures were set based on the 30th percentiles reported in the normative data sets for the respective measures, which were 35 words read correctly for ORF (Good, Wallin, Simmons, Kame'enui, & Kaminski, 2002 ), a total standard score of 93 on the TOWRE (Torgesen et al., 1999b) , and a score of 5 on Maze (AIMSweb aggregate norms; AIMSweb, 2010). The 30th percentile for the composite measure was obtained directly from the present sample. The base rates (i.e., percentage of students falling below the criterion cutpoint) in the present sample were 38% for ORF, 32% for the TOWRE, 46% for Maze, and 30% for the composite variable. The base rate for Maze was slightly higher than the other measures, which may be attributable to some differences between the normative groups of the respective measures. This was one reason why using a composite variable that summarized achievement across variables was deemed important.
Logistic regression.
A series of logistic regression analyses were conducted to determine which measures were significant predictors of each outcome criterion. The four screening measures were entered simultaneously into logistic regression equations with each of the outcome measures being separately analyzed. These analyses were conducted for two purposes: (1) as a first step in determining whether the LNF, PSF, and NWF measures added significantly in addition to WIF in the prediction of the criterion outcome, and (2) to save predicted probability values of the combination of screening variables. The predicted probabilities are an optimally weighted average of test scores that went into the logistic regression equation in regard to predicting group membership. In the present study, the predicted probabilities of combined screening measures were subsequently entered into receiver operating characteristic (ROC) curve analyses to compare the classification accuracy of combined measures versus single measures, and combinations of screening measures with each other. Other re-search has made similar use of predicted probabilities as a method of combining screening measures (Catts, Fey, Zhang, & Tomblin, 2001; Johnson, Jenkins, & Petscher, 2010) .
Classification accuracy was more closely examined through a series of ROC curve analyses. ROC curves were conducted for each screening measure (WIF, LNF, PSF, NWF) with each criterion outcome variable (ORF, TOWRE, maze, composite). Then, using predicted probability values obtained from additional logistic regression analyses, ROC curves of combined screening measures were contrasted with the results from single screening measures. These analyses were conducted to determine whether combining screening measures resulted in improved classification accuracy over single measures.
There were two important statistics examined as part of the ROC curve analyses. First, Area Under the Curve (AUC) was examined as an overall index of classification accuracy of the measure or combination of measures. AUC values range from .5 (no better than chance) to 1.0 (perfect accuracy). In general, AUC values of .90 or greater are considered excellent, .80 to .90 are good, .70 to .80 are fair, and values below .70 are poor (Swets, 1992) .
Second, following the recommendation of Jenkins et al. (2007) , the specificity of the measures was compared when sensitivity was held constant. In investigations comparing screening measures, Jenkins et al. recommended selecting a cut score on a screening measure that corresponds to sensitivity of .90, and then compare the resulting specificity rates. A more accurate measure should be able to maintain higher specificity over a less accurate measure when the sensitivity of both measures is held constant. Therefore, a cut score was selected for each measure that held sensitivity as close as possible to .90 without going below. In this sample of 138 students, a sensitivity of .90 translated to 4 -6 false negatives, which across the nine classrooms were roughly Յ1 student per classroom.
Results
Descriptive statistics and intercorrelations for the fall screening and spring outcome measures are displayed in Table 2 . The fall screening measures demonstrated moderate to strong relationships with the spring outcome measures, with the exception of PSF, which demonstrated weak to moderate relationships (although the coefficients were statistically significant). Of the screening measures, WIF tended to demonstrate the strongest coefficients with the spring outcome measures. Non-normality was evident in the screening measures in some cases (WIF, NWF), however logistic regression analyses are robust to issues of non-normality, and ROC curve analyses are nonparametic and are not impacted by data that are not normally distributed.
Results of the logistic regression analyses are displayed in Table 3 . In the combined model with all tests as predictors, WIF was a significant predictor for each of the outcome variables. In contrast, no other screening measure contributed significantly to the prediction of the outcome variables, with one exception (PSF was a significant predictor in addition to WIF when ORF was used as the outcome measure). Table 4 displays the results of the classification accuracy comparisons. Classification accuracy across each of the criterion outcome variables is presented using AUC as an overall index of accuracy, and specificity of the screening measure when sensitivity was set to Ϸ.90. For each outcome variable, the first four rows display the classification accuracy statistics associated with the screening measures when each was used alone. Next, the classification accuracy statistics of the combinations of screening measures are displayed. These combined screening models were created using predicted probability values from logistic regression analyses 2 in which the indicated screening measures were included in the model. To help translate the impact that differences in specificity across screens had on the current sample, and the value added by combining measures, the actual number of false positives is reported for each measure or model. For example, the specificity of .61 for WIF when ORF was the criterion resulted in 33 false positives. Considered within the context of the 138 students from nine classrooms in the study, that number of false posi-tives corresponds to roughly 3-4 students per classroom. 
Classification Accuracy of Single Screening Measures
As displayed in
Combinations of Screening Measures
Table 4 also lists the classification accuracy statistics for models of combined screening measures. Combining screening measures generally resulted in modest improvements in accuracy over single screens. AUC values were nearly identical across the combined models, and in many cases were nearly identical to when WIF was used alone. However, some differences in specificity were observed across models; combining WIF with other single measures usually resulted in higher specificity (i.e., fewer false positives). When the combined models improved specificity, the number of fewer false positives was reduced between 4% and 27% over using WIF alone.
Two important points were apparent in the analyses of combined screening models: (1) although PSF was the least accurate measure when used alone, its inclusion resulted in improvements in accuracy when used in combination with other measures, and (2) using more measures did not always result in better accuracy. No particular combination of screening measures stood out as consistently the most accurate. With regard to the most parsimonious model, the combination of WIF ϩ PSF tended to represent improvements in specificity while representing a brief model for screening. Adding NWF to the model in some cases improved specificity slightly, resulting in 1-2 fewer false positives. In the case of the composite variable, specificity of over .75 was achieved for the simple combinations of WIF ϩ PSF or WIF ϩ NWF. Combining all the screening measures resulted in eliminating only two additional false positives.
Discussion
Reading screening requires measures that demonstrate accuracy in identifying students who are at risk of failure, and to facilitate largescale screening these measures must also be brief and inexpensive. In early first grade, educators may face uncertainty regarding measures most useful for screening because of the relative infancy of students' reading skills. This study investigated the classification accuracy of WIF in comparison and in combination with LNF, PSF, and NWF for screening early first grade students according to reading outcomes at the end of first grade, as measured on several outcome measures of word and text reading.
Results indicated that when comparing single screening measures, WIF demonstrated the strongest overall accuracy. In the logistic regression analyses predicting 30th percentile reading status on the various year-end outcome measures, WIF was the only significant predictor in nearly every analysis. Analyses of classification accuracy indicated that WIF demonstrated the highest AUC values, an index of overall accuracy. LNF and WIF displayed the strongest specificity when sensitivity was held at a minimum acceptable level (.90). NWF followed, and PSF demonstrated the weakest accuracy compared with the other measures. However, all the screening measures, when used alone, were generally inadequate as screening tools. Specificity was usually below .70, and across the nine classrooms the number Note. n ϭ 138. Screening measures entered simultaneously into each regression model. See note in Table 2 for abbreviation definitions. Note. n ϭ 138. Spring criterion ϭ 30th percentile for each measure (the composite variable used the 30th percentile from the local population). AUC ϭ Area under the curve. FP ϭ Actual number of false positives from the current sample. See note in Table 2 for abbreviation definitions. All Measures ϭ Model that included all of the screening measures (WIF, LNF, PSF, and NWF); Cut ϭ the cut score used that resulted in a sensitivity level of approximately .90. In the current sample, this level of sensitivity resulted in 4 -6 false negatives (Յ1 student per classroom) depending on the criterion measure under study. Scores falling below the cut point are those that would be considered "at risk" on the screen. Cut scores for the combination of screening variables are predicted probability values from the logistic regression analyses, which range from 0.0 -1.0.
of false positives that resulted from using single screening measures ranged from approximately 3-9 students per classroom. Combining WIF with other screening measures resulted in modest improvements in accuracy, particularly in improving specificity and reducing false positives. Specificity was still unacceptably low in some cases, although specificity values of at least .70 were achieved when ORF and the composite variable were used as the outcome criteria. In these cases the numbers of false positives ranged between 21 and 24, which in this sample was approximately 2-3 per classroom. Parsimonious screening models consisting of two or three measures performed just as well as models that combined all the screens, suggesting that simply adding more measures of early literacy skills is not always the solution to improving accuracy. Results of combined screening models indicated that combining WIF with one or two other measures, such as PSF or NWF, resulted in accuracy that was nearly equivalent to models that used all measures.
Results of this study, combined with prior research (e.g., Compton et al., 2010) , suggest WIF may make a good starting point in a first grade screening battery. Reading words rapidly (i.e., by "sight") is critical for skilled reading and represents a consolidation of skills in phonological awareness and decoding (Aaron et al., 1999; Ehri, 2005; Share, 1995) . Therefore, WIF may be a way to simultaneously measure several key early literacy skills.
Although WIF accounted for the majority of classification accuracy, it is likely that the LNF, PSF, and NWF measures helped further capture students' performance on individual subskills important for facilitating reading development. Rapid naming of letters is one of the strongest predictors of later reading achievement, and phonological awareness is critical for word reading (National Early Literacy Panel, 2008; Schatschneider, Fletcher, Francis, Carlson, & Foorman, 2004) . Letter-sound correspondence, assessed by the NWF score, is an index of the alphabetic principle and indicative of skills in decoding. Therefore, a student might score below the cut score on the WIF measure, but higher scores on subskill measures may suggest a greater likelihood for success in reading.
Of particular interest was PSF. When used alone, classification accuracy of PSF in this study was so poor that it cannot be recommended as a single screening measure at the beginning of first grade. Results of this study for PSF were consistent with other research that has found weak classification accuracy for the measure when used alone Goffreda et al., 2009; Johnson et al., 2009; Reidel, 2007) . The weak accuracy of PSF is most likely attributable to the fact that students respond to only verbal stimuli on the PSF task; in other words, it looks least like "reading" compared with the other measures. In this study, however, PSF used in combination with WIF and other measures resulted in more accurate screening models. Phonological awareness is critical for word reading (Snow, Burns, & Griffin, 1998) . Although PSF may function poorly as a screening measure on its own, a battery that includes PSF with a measure of word reading may improve the ability to correctly identify students at risk for reading difficulty.
The present results provide support for a multivariate approach to screening, consistent with other research (Compton et al., 2010; Johnson et al., 2010; Speece et al., 2010) . Using multiple measures may improve accuracy and improve the rates at which students are correctly classified. However, additional measures must be added judiciously, as some measures represent little to no value-added in accuracy and only serve to increase the financial and logistic burden of screening. As evidenced in this study, more measures are not always better.
This study considered screening from a "direct route" perspective, in other words, screening conducted at one point in time with the implication that intervention decisions would be made based on this assessment (Jenkins et al., 2007) . The current investigation, as well as others (Johnson et al., 2009) , has demonstrated the difficulty in achieving acceptable accuracy through a direct route approach. Research has found that subsequent assessment to evaluate responsiveness to instruction (e.g., a period of progress monitoring or dynamic assessment) after an initial screening battery can result in superior classification accuracy (Compton et al., 2010) . Although a period of progress monitoring may mean delaying intervention, the improvements in classification accuracy likely justify the time taken (Compton et al., 2010) . Two-stage models that use a progress monitoring component after the initial screen represent a more dynamic approach to screening, one that accounts for growth. The difficulty of accurately estimating rates of false positives attributable to the intervening nature of instruction can be addressed with this approach, because the progress data should be able to identify students who are responsive to instruction and are thus on pace to meet reading goals.
Limitations
Conclusions from this study must be considered in light of several limitations. First, the true rates of false positives are difficult to determine because it is unclear whether false positive rates are attributable to inaccuracy of a screening measure or to the effects of instruction occurring between the screening and outcome assessments. The targeted interventions associated with the RTI model implemented in the schools in this study may have resulted in more false positives than at schools without such a targeted intervention approach. However, this limitation may be impossible to overcome in any educational context in which the screening and outcome assessments are separated in time and teachers are tasked with educating students.
Second, although use of predictive probabilities can be seen as a viable way of combining measures (Catts et al., 2001; Johnson et al., 2010) , they do not result in cut scores than can be meaningfully interpreted for practice. Catts et al. (2001) described the setup of a simple spreadsheet to calculate a logistic function and generate probability values based on the scores of the screening assessments used. We advocate that web-based software applications for entering screening and progress monitoring data (e.g., AIMSweb, DIBELS Data System) consider building predicted probability into their calculations as methods of combining screening measures. Such systems could indicate risk likelihood based on a user-entered criterion variable.
Third, Jenkins et al. (2007) recommended that investigations of screening measures cross validate cut scores with separate samples. In this study we were limited to one sample, and cross-validation was not possible. Future studies, as well as practical application of these measures, might examine whether the cut scores found in this study are validated in other samples. Fourth, the LNF, PSF, and NWF measures used in this study were from the DIBELS sixth edition (Good & Kaminski, 2007) , and new editions have been released since the time of this data collection (DIBELS Next; Dynamic Measurement Group, Inc., 2011) . With the exception of new and more even distribution of stimuli, the administration and scoring of LNF and PSF in DIBELS Next remains relatively unchanged. More changes have been implemented with the NWF measure, however, which now includes an additional score for whole words read (WWR) without naming individual letter sounds. Although research suggests that scoring NWF responses according to number of whole or partial word units read can improve predictive validity (Harn, Stoolmiller, & Chard, 2008; Ritchey, 2008) , research is needed on the classification accuracy of the WWR score and whether it demonstrates superior classification accuracy over WIF. In addition, DIBELS Next includes a composite score summarizing students' scores across the DI-BELS measures administered at each time point. Similar research is also needed regarding the classification accuracy of the DIBELS Next composite score.
Conclusions and Implications
Despite the limitations, the results of the present study contribute to the research base on first grade reading screening. This study compared commonly available screening measures and examined classification accuracy of first grade reading outcomes across several criterion measures. When single screening measures were used alone, WIF demonstrated the strongest overall classification accuracy. Adding the LNF, PSF, or NWF measures to WIF resulted in modest reductions in the number of false positives. For school psychologists or administrators involved in decisions regarding first-grade reading screening, the results suggest that simple combinations of WIF and PSF or WIF and NWF might be considered as an initial screening model. This model should provide a decent starting point for screening, after which additional steps should be taken to further reduce false positives, such as short-term progress monitoring (Compton et al., 2010) for students that fall within proximity to cut scores on the initial screen.
